Abstract
I. Introduction
With ever increased complexity for complex industrial processes, their operational reliability, safety and health maintenance have been a subject of study in recent years. Indeed, process industries would expect that a low cost maintenance can be achieved during their production phase [1] . At the same time the hybrid performance indexes (i.e. product quality, production efficiency and energy cost) are optimized.
Most complex industrial processes are controlled and managed by distributed control systems (DCS) as shown in Figure 1 . Typical examples of DCS applications are seen in steel making, car manufacturing, material processing, papermaking, chemical plant and mineral processes, etc, where these production processes are controlled via a multi-layer computer network. For the system infrastructure shown in Figure 1 , the lower levels of computers consist of mainly microprocessors and programmable logical control (PLC) units that are used to directly form closed control of the individual process units along the production line, whilst the higher level computers are used to manage the overall system operation and to produce required control loop set points based upon production planning and scheduling results.
Figure 1: DCS based plant-wide performance optimization, on-line modelling, monitoring and control
As a result, DCS provide a platform for the global management and optimization of the whole production line so as to achieve an optimal operation in terms of improved product quality, high production efficiency, minimized effluent discharge and reduced energy costs, etc. Moreover, such a structure can also be regarded as 2D structure where vertically multiple layers of control and management are used and horizontally a number of production units are connected one after the other.
The advantage of using DSC systems is that a large number of process and product quality data are available for realizing reliable and optimal operation of whole production line. The types of these data include real-time process data, batch-measured quality data, images and sounds. These data represent the operational condition for the whole production systems and can therefore be used to realize on-line plant-wide monitoring and optimization.
As complex industrial processes cannot be easily represented using either accurate or first principles mathematical models, data driven based PHM must be considered. This means that PHM of complex industrial systems must effectively use process data from the production line to predict and identify faults and then use active heath maintenance techniques to realize safe operation of whole plant until an economic shutdown can be arranged. It can therefore be expected that data driven based PHM techniques will play an increasingly important role in improving the reliable operation of complex industrial systems.
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II. Prognostics and Health Management
The purpose of prognostics and health management [2] - [4] is to achieve condition monitoring for system repairs via the use of process data and also some intelligent reasoning techniques that can estimate the health status of the concerned system. In this context, existing PHM consists of a standard procedure listed as follows:
Step 1: Data collection and pre-processing
Step 2: Fault prediction and fast fault diagnosis
Step 3: Estimation of remaining useful life (RUL) for the concerned production units and equipment Step 4: Implementation of Health management At present, the key issue related to PHM is the estimation of remaining useful life (RUL) of system units so that a suitable health maintenance strategy can be employed in terms of preparing stand-by replacements for key elements and scheduling an economic shutdown of the production line. In this context, the estimation of RUL is made using probability theory, where Markovian chain based estimation has been largely used together with trend analysis, principal component analysis, ARMAX model based prediction, vector support machine and neural networks, etc. Indeed, the RUL of a unit is a random process and is related to its operational condition in the past. The estimation of RUL means to estimate a probability density function. Once such a probability density function can be obtained, one can predict when the concerned component will very likely fail. In terms of maintenance and health management strategies, in general the structure is given in Figure 2 .
On the other hand, fast fault diagnosis [5] and fault prediction [6] can also be regarded as an important component in PHM simply because they can be used to design fault tolerant control (FTC). FTC can ensure the safe operation of the processes by re-organize control strategies when faults have occurred. However, the problem with existing PHM is that the whole strategy is of a passive mode, rather than active mode, simply because the control variables in production systems have not been considered in both the estimation of remaining useful life and the relevant health management strategies.
For the industrial processes in Figure 1 , the production units in the low level of the DCS systems can be represented in Figure 3 , where each unit has a number of control systems that realize the required intermediate production/processing so that the end product quality and good production efficiency can be achieved.
Figure 2: Health maintenance strategy categories
In this context, once all the arrangements for the required production is made, the set points to all the control loops in each unit constitute a key group of decision variables that affect the performance of the whole production line. These set points can be adjusted on-line so as to optimize the hybrid performance indexes in terms of product quality, process efficiency and energy consumptions etc. The idea here would be to see whether we can also use these decision variables to realize a pro-active prognostics and health management for complex industrial processes.
This constitutes a challenging issue for achieving healthy operation of these production systems, where the faults to be dealt with are operational faults such as abnormal conditions caused by inappropriate selection to control loop set points, operational environments and also actuator and sensor faults. These faults affect the healthy operation of the whole production line and their prediction and fast diagnosis are vitally important for the heath management.
Figure 3: Horizontal "flow" structure of complex industrial processes with several sequenced units
Since all the units are collaboratively controlled and managed by DCS systems where rich process data and quality data are available, it can be concluded that data driven approach should again be explored.
III. Possible Future Research
In this section, a number of possible future research areas on proactive PHM will be described. The key idea is to explore new PHM schemes that can use process decision variables such as control loop set points to ensure health operation of complex industrials systems.
use of stochastic distribution control theory for pro-active Phm
Stochastic distribution control aims at controlling the output probability density functions shape of non-Gaussian and dynamic stochastic systems. This differs from traditional stochastic control where only output mean and variance are concerned. Stochastic distribution control was originated by the second author of this paper when he was in front of a number of challenging modelling and control design problems in paper making in 1996 [7] , where for example the solid distribution control of 3D paper web is required during initial paper web forming phase through a number of controllable process variables in the wet end approaching systems [8] . Since 1996, a number of modelling and control algorithms have been developed with applications to material processing, mineral processing, combustion control and paper making systems. For example, a closed loop real-time paper web formation control has been established for the first time in papermaking. More recently, it has been observed that general data driven dynamic modelling, data dimensional reduction and filtering algorithms design can all be transferred into the control design problem for shaping some probability density functions. For example, in modelling unknown systems, the best model can be obtained by selecting model parameters (i.e., neural network weights) so that the probability www.instmc.org.uk
Gaussian probability density function with zero mean. In filtering algorithms design, the best filtering results can be achieved by selecting filtering parameters (i.e. filter gain matrix) such that the probability density functions of filtering residuals can be made to follow again a narrowly distributed Gaussian probability density function with zero mean. It can therefore be concluded that wide applications of the stochastic distribution control will take place in the near future.
Indeed, this research has been regarded as a new branch in stochastic control area. At present there are more than 20 research centres world-wide working in this area. Invited sessions have been seen at major international conferences (ACCs and IEEEs) together with several special issues published by refereed international journals. In 2000, a unique book, written by the second author of this paper on this research topic, was published by Springer-Verlag (London).
The modeling techniques used in the stochastic distribution control theory can be readily applied to develop a pro-active PHM system for complex industrial processes. For example, one can use B-spline based probability density function models in the stochastic distribution control to establish the probability density function of URLs of key equipment and production units, where the scanning identification algorithms developed in [7] can be used to build up data driven dynamic models between the probability density functions of URLs and the key decision variables such as control loop set points. Using such a model between URLs and the key decision variables, one can obtain an active health management strategy that distributes operational loads in an optimal way to the concerned equipments and production units so that the health status of the system can be pro-actively maintained, whilst the hybrid performance indexes of the whole production line can be optimized. It can be seen that these potential techniques should be based upon a large volume of process data collected from DCS systems shown in Figure 1 . Therefore, the active PHM using stochastic distribution control theory is indeed a data driven approach.
Specifically, the following steps can be taken to perform the required active PHM strategies in practice:
Step 1: Collect and pre-processing process data
Step 2: Use the B-spline models to represent the URLs for the concerned production units Step 3: Use the collected process data and scanning identification algorithm in the stochastic distribution control to establish the active PHM models between the probability density function of the URL and the decision variables such as the control loop set points as shown in Figure 3 .
Step 4: Develop active PHM strategies so that the operational load of the key production units can be optimally distributed under the contraints of hybrid production indexes.
use of Passivity Theory for Phm
Passivity is a concept that is related to input and output of a system. This concept has been widely used in the stability analysis for control systems. Passivity is defined as an inequality of the integration between the input and the output. Although passivity is defined for all the input and output pair to hold, it can still be applied to analyze the health status of the concerned process unit. Indeed, when the system operates normally, the degree of its passivity calculated using (1) will be around a fixed value. However, when the system starts to develop faults, the value of the passivity would normally decrease. Since the passivity is input and output based, data collected from DSC systems can be readily applied to perform prognosis and fault prediction. This can be done by establishing a recursive relationship between the faults and the variations of the passivity. Using fault prediction results, the development of an appropriate health management strategy can be made so that the decision variables such as the control loop set points can be adjusted accordingly. In this context, the operational loads to each production units can be re-distributed under the required production constraints in terms of optimizing the hybrid performance indexes.
Moreover, the passivity theory can also be combined with the models obtained from section 3.1 to actively monitoring URLs of key equipments.
multi-scale plant-wide modeling for Phm
Data based fault prediction and fault tolerant control (FTC) face various challenges in order to make them practically useful as an integrated part of complex industrial processes for PHM. Primarily, data driven models should be considered because they have the advantage of exploiting the large volume of process data that are collected by DCS systems (see Figure 1 ). Once these data driven models are established, they can be used for a number of purposes -plant-wide optimization, plant-wide performance monitoring, fault prediction and PHM, etc.
As is shown in Figure 3 , complex industrial processes are examples of sequentially arranged multi-agent systems where each production unit is connected in series so as to process the required intermediate products. Each product unit can be regarded as an agent and each agent would have a number of control systems so as to make it autonomous. Each agent has its own role that needs to be considered in the plant-wide optimization and control. The agent's performance can be characterized in terms of its control performance, health state, energy efficiency and the local environment impact. Therefore, an important difference from traditional modeling approaches, where only control function models are used, is that other criteria such as agent's energy model should also be used for data driven fault detection, diagnosis and fault tolerant control. For example, in papermaking processes [8] , the production line consists of a number of sections that are connected in series as shown in Figure 4 .
In this figure, the top layer represents the actual process structure where there is a number of production units connected sequentially (from the pulp preparation, wet end, forming, press, drying to the final paper web winding phase). This arrangement turns the original raw materials (either wood chips or deinked pulps) into the finished paper. Along the production line, various control systems are used and the typical DCS (see Figure 1 ) has been employed for many years in the paper industry.
Traditionally, one would establish control models for each production units along the production line so as to optimize the effect of process control. However, with the ever increasing focus on energy reduction, the energy consumption of each unit needs to be considered in order to assess the plant-wide energy performance. This means that one should also establish along the production line, energy models and energy supply-usage distribution models. Therefore, data based modeling should aim at establishing multi-scale plant-wide models for the systems. Here the multi-scale models mean that these models work together and have different focuses such as process dynamic models and energy consumption models, etc.
These models can be effectively used for PHM. For example, in some cases unexpected variations of the energy consumption in a production unit could indicate that either a fault or abnormality would occur in the process. This will produce preliminary results for fault Feature: Data Driven Prognosis and Health Maintenance for Complex Industrial Processes with Production Optimization and Energy Savings prediction or indeed prognosis. Using such a result, one can apply collaborative fault tolerant control strategy developed by the first two authors of this paper to the subsequent healthy units in the production line so that such faults will not affect the quality of the end product. This is in fact a globalized PHM strategy, where decision variables such as control loop set points can still be used to realize the required fault tolerant control.
Conclusions
Prognostics and health management has been an important subject of study in order to achieve a safe and healthy operation of complex industrial systems. Existing techniques rely on the estimation of useful remaining life of all the units in a production line. Once this is obtained, passive-mode health management can be implemented so that a scheduled maintenance can be carried out.
In this paper, several future developments have been described, where the idea is to establish pro-active PHM strategies by linking the health management strategies with decision variables in the system. Such a new structure is shown in Figure 5 , where it can be seen that a simple workstation can be added into the existing DCS structure to realize the required active prognosis and health management. The practical procedures are as follows:
Step 1: Collect process and quality data from the existing DCS systems; Step 2: Use stochastic distribution control theory, passivity analysis and multi-scale modeling techniques to establish the estimation of URLs of all the process units and link such estimations with decision variables such as control loop set points; Step 3: Implement pro-active PHM strategies so that the operational loads of all the production units are optimally distributed and also the hybrid performance indexes are optimized. 
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